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Background & Motivation

* Key challenge in CL: Catastrophic forgetting (recency bias)
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Unaddressed issue Existing efforts



Background & Motivation

* The update rule of BN’s . exponential moving
average (EMA)

E[Sm] := E[S|a1, - ,am] = (1 — n)E[S|a1,- -, am—1] + nSm
where 7 € (0,1) and S(-) = [u(-), 0 (-, ()] "

I Recency bias « To what degree?
()
3 ‘ How does replay help?
— How to balance?
Task A B C D

Imbalanced task-wise contributions to statistics



Analysis
* Thm. 1: Statistical weight for EMA
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This exposes a dilemma between balance and adaptation.

e Cor. 3: Balance of BN statistics

An improved strategy is needed to reconcile balance and
adaptation.

* Cor. 2: Adaptation of BN statistics
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Without the use of replay, the statistical weights of past
tasks decrease exponentially.

* Cor. 4: Statistical weight for CMA

An improved strategy needs to take into account the
parameters of the current model

* Thm. 5: BN may fail to stabilize and improve generalization in continual learning
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the increase of gradient similarity, which potentially affects the (a) Loss (b) Gradient Similarity (c) Gradient Magnitude

benefit of BN.

Figure 1: Dynamics of the loss of training batches, gradient similarity (i.e., cosine similarity between

gradients and normalized representations) and gradient magnitude.



Solution (AdaB?N)

* Training aspect * Performance

A Bayesian-based strategy: * Achieves statistically significant improvements
S - Gm— Elu|am] in both online and offline scenarios (p < 0.05)
” \/IE 2|lam| + €

Table 1: Performance of online task-incremental learning with batch size | B| = 10. We report

- (b + N. final average accuracy of all seen tasks (1) with + standard deviation.
E[S|am] = ZZPd,(ﬂam)Pg(ﬂT a,m)St Z ¢ ts . . —
? q5 + N m Method Split CIFAR-10 Split CIFAR-100 Split Mini-ImageNet
t |M|=500 | M|=2000  |M]=2000  |M[=5000  |M|=2000 | A4]=5000
where ¢ is learnable ERACE w/BN | 86342235 89.17121 6121£1.63 63.83£1.94 63.62£3.14 64.60+1.73
. . . ER-ACE w/LN | 7801678 81.59+4.39 42204029 44324035 459121.63 45824191
O bJ e Ct ve fu N Ct| on ER-ACE w/ IN 84.57£1.42  86.03x1.99 49.46£225 50.15x1.71 41.07x1.66  40.93+4.38

ER-ACE w/ GN 81.46+£3.74  82.85+2.14 44.84+1.41 425042.06 43.45£3.29 45.43+0.62
ER-ACE w/ CN 88.32+1.43 90.01x095 61.00+£1.58 63.4240.65 64.23£1.22 65.14+1.48

. Z : £ -
min ‘E'C'L (9) _|_ A E( ) (91 L‘L’) ER-ACE w/Ours | 88.74£1.77 90.84%2.01 63.88+1.58 67.01£2.90 66.78+1.91 68.03+0.41

0,9 ada DER++w/BN | 87.61x1.67 90.42+1.83 6553£1.17 66.2320.94 61.70£2.40 61.28+1.29
DER++w/LN | 81355425 82.80+548 43243086 44.424290 40.05:3.67 37.64+4.26

DER++ w/ IN 84.8132.99 8§7.04£2.60 47.39:146 49.17+2.13 32.88:1.16 35.23%6.11

(ﬁ) ‘ " DER++w/GN | 8205:1.24 83.342334 43542147 45.12+1.15 40.65:1.76  38.26+3.26
ada (0 w ) — HE[*S |am} [Sm] ” DER++w/CN | 8692:089 89.75£0.76 66.20£0.38 67.39£1.88 65.09£1.76  66.14£1.40

DER++ w/ Ours 90.15£2.52  91.99+0.81 70.33+0.49 71.70+0.84 66.42+3.62 69.12+2.51

* Testing aspect

Table 4: Performance of offline task-incremental learning and class-incremental learning on Split

op . g ; ] — 0
Strlklng an bala nce between EMA and Mini-ImageNet with memory size | M| = 2000.
Task-IL Class-IL
Method . .
C MA ER-ACE DER++ LiDER ER-ACE DER++ LiDER
BN 36.36+233 3591159 36.96x1.92 | 10.85:0.54 12.69+1.23  10.99+0.74
. Ti—1 oy CN 35.83£1.43  3546x1.42  36.232.62 | 10.00£0.62 12.1320.92  9.97x0.36
i ?}'(’53 Ti—1 ) — T = 1) Ours 37.64+0.85 36.98+1.52  37.36:0.79 | 11.05:0.10 13.07£1.30  10.96+0.67

-1+ (L —n)"



Thank you!

Paper link: Code link:
https://arxiv.org/abs/2310.08855 https://github.com/Ivyilin/AdaB2N
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https://arxiv.org/abs/2310.08855
https://github.com/lvyilin/AdaB2N
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